Abstract. The quantification of the coronary artery stenosis is of significant clinical importance in coronary artery diseases diagnosis and intervention treatment. It aims to quantify the morphological indices of the coronary artery lesions such as minimum lumen diameter, reference vessel diameter, lesion length and these indices are the reference of the interventional stent placement. In this study, we propose a direct multiview quantitative coronary angiography (DMQCA) model as an automatic clinical tool to quantify the coronary artery stenosis from X-ray coronary angiography images. The proposed DMQCA model consists of a multiview module with two attention mechanisms, a key-frame module and a regression module, to achieve direct accurate multiple-index estimation. The multi-view module comprehensively learns the spatio-temporal features of coronary arteries through a three-dimensional convolution. The attention mechanisms of each view focus on the subtle feature of the lesion region and capture the important context information. The keyframe module learns the subtle features of the stenosis through successive dilated residual blocks. The regression module finally generates the indice estimation from multiple features. We evaluate the proposed model over 2100 X-ray coronary angiography images collected from 105 subjects from two viewpoints. Compared to other direct quantification methods, our DMQCA model achieves more accurate quantification, enabling to provide a patient-specic assessment of coronary artery stenosis.
Introduction
The quantification of the coronary artery stenosis (e.g., multiple-index estimation of diameters and lengths for vessel) is of significant clinical importance [1] in coronary artery diseases (CAD) diagnosis and intervention treatment. In particular, the minimum lumen diameter (MLD), reference vessel diameter (RVD) and lesion length (LL) are the most valuable indices for the quantification of the coronary artery stenosis. The MLD and the RVD correlate with the severity of stenosis and the diameter stenosis have an important impact on the blood flow. The LL is crucial for the selection of appropriate stent size in coronary intervention. The accurate index estimation can increase the assessment capabilities for both diagnostic and interventional cardiology. However, current visual estimation or manual measurement from cardiologists exist differences and errors due to the subjective judgments [2] . Thus, the direct accurate quantification of the coronary artery stenosis from the X-ray coronary angiography is therefore highly in demand. It is more efficient, accurate, reliable and reproducible compared with visual estimation and manual measurement of the stenosis indices. Existing studies have only focused on the artery lesion grading [2] , which only bring a rough description rather than an accurate quantification of the stenosis. Moreover, other studies have performed the quantitative coronary angiography (QCA) with a complex reconstruction [3] first, which can provide more vascular geometry information of the coronary arterial tree but is still not a direct quantification. • left anterior oblique (LAO) viewpoint for the right coronary artery (RCA). A 44
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Direct quantification of the coronary artery stenosis poses great challenges in feature representation learning. First, the complex structures and various locations of vessels in X-ray images (as shown in Fig. 1 (a) ). Coronary arteries have many extremely small branches and different shapes due to the individual differences. The severe occlusions always exist and coronary arteries lie in different locations of X-ray images due to the different viewpoints. Because of these, it is difficult to capture the expressive feature representation of different coronary arteries. Second, the artery stenosis is relatively small in the whole X-ray image (as shown in Fig. 1 (a) ). It is quite challenging to have a comprehensive observation when the angiogram images have high noise, poor contrast and nonuniform illumination. However, these lead to difficulties in capturing the discriminative features of the small lesion objects without segmentation. In this paper, a direct multiview [4, 5] quantitative coronary angiography model (DMQCA) is proposed to quantify the artery stenosis in X-ray coronary angiography images. This quantification model includes a multiview (main-view, support-view) module with attention mechanisms, a key-frame module and a regression module. Our DMQCA model imitates viewing procedure of the reporting clinicians who make a comprehensive observation based on a main viewpoint, if necessary, a support viewpoint is also employed. As show in Fig. 2 , the main-view module and the support-view module are comprised of successive 3D convolution (Conv) networks and integrate self-attention module and context attention module. In particular, the 3DConvs can extract the expressive spatio-temporal features of coronary artery over different time steps from 2D+T sequential X-ray images in each viewpoint. The self-attention [6] module models relationships between widely separated spatial regions in the feature maps. The context attention [7] can extract such regions that are important to the current image and such images that are important to the current view, respectively. Then it aggregates the representation of informative regions and images to form the ultimate representation of the image and view. The key-frame module consists of several dilated residual blocks, which are used to capture the subtle features for the stenosis. From the multiview modules and the key-frame module, the expressive spatiotemporal features and the subtle features are aggregated into the regression module, i.e., fully connected network, which is used to capture the relationship between the features and the multiple quantification indices.
The major contribution of this study lies in that we for the first time achieve a direct quantification of coronary artery stenosis from the X-ray coronary angiography images via deep learning. In DMQCA model, (1) we design a multiview learning model, which imitates viewing routines of the reporting clinicians to provide an expressive feature representation for quantitative measurement of the coronary artery stenosis, and (2) introduce two attention mechanisms, which are employed for the model to focus on the important features, especially for extracting the subtle features for artery stenosis.
Methods
The proposed DMQCA model is comprised of a multiview module with two attention mechanisms, a key-frame module and a regression module, to achieve direct multiple-index estimation. The workflow of our DMQCA model is summarized as Fig. 2 .
DMQCA Formulation
Direct quantification for the coronary artery stenosis is described as a multioutput regression problem solved by our DMQCA model. Consider multiple quantitative indices Y ={y 1 ,y 2 ,y 3 ,...,y d } and the objective of the DMQCA is to estimate Y from X-ray coronary angiography images X, which consist of two 2D+T image frames X m , X s ∈ (x 1 , x 2 , ..., x T , R H×W ×3×T ) of the main viewpoint and the support viewpoint, and a keyframe image x key ∈ R H×W ×3 , where H and W are the height and width of each frames respectively (H=W=512), T is the temporal step (T=10). Given a training dataset
, we aim to learn the mapping f : X → Y ∈ R d , and N is the number of training samples, d is the number of quantitative indices.
Comprehensive Observation for Quantification
The DMQCA model can mimic the reporting clinicians to make a comprehensive observation based on a main viewpoint, a support viewpoint and a key frame image. It can learn an expressive feature embedding of coronary arteries stenosis directly from X-ray coronary angiography images.
Multiview Feature Embedding Learning. A multiview learning module we design to learn an expressive feature for coronary arteries stenosis. It consists a main-view module and a support-view module, which use the same network architecture as shown in Fig. 2 . 3DConvs networks are effective for learning the spatial and temporal features from 3D data. Interestingly, 2D+T image sequences can also be considered as 3D data. In our work, five successive 3DConv layers are designed for each view to extract the morphology (spatial) and kinematic (temporal) features from different temporal steps for coronary arteries. The input of 3DConvs is a set of T image frames. We set the different numbers and the different sizes of 3D convolutional filters (as shown in Fig. 2 ) with the same 1 × 2 × 2 stride.
In order to capture the subtle features of the stenosis in each view, we apply the outputs of the Conv networks into a self-attention block, which models the relationships between the lesion region and the remote regions. In this block, the single image features x ∈ R C×M of the frame sequences in current view from the previous layer are first transformed into two feature spaces f, g with different weights, where M is the number of spatial locations, C is the channel numbers, f (x) = W f x, g(x) = W g x. In addition, α j,i indicates the contribution weight from the i th location region when synthesizing the j th location. The final output of the self-attention block is denoted as o = (o 1 , o 2 , ..., o 
In the formulations above, W f , W g ∈ R C 8 ×C , W h ∈ R C×C are the weight matrices which are implemented as 1 × 1 convolutions, and the parameter γ is initialized as 0.
However, not all regions contribute equally to the representation of each frame meaning. Hence, we introduce the context attention to extract such regions that are important to the meaning of the frame image. Then we aggregate the representation of those regions to form an expressive feature vector of the frame. That is, we first feed the r th region annotation x tr through a one layer perception to get u tr as the hidden feature of x tr , then we measure the importance of the region with a region context vector u r and get a importance weight β tr through a softmax function. After that, we compute the t th frame representation x t as a weighted sum of the regions based on β tr . Similarly, we again use the context attention mechanism to reward the frames that are important to the current view representation. A frame level context vector u f is employed to measure the importance β t of the t th frame. Finally, the vector v denotes the view representation that summarizes the information of T frames in the current view. (Here we omit the equations of u t , β t , v for simplicity.)
Keyframe Feature Embedding Learning. A keyframe module we introduce to enhance the representation of the relatively small stenosis in different locations. The keyframe module consists of 6 successive dilated residual blocks, as shown in Fig. 2 . Each dilated residual block employs two residual blocks [8] having two convolution layers with 3 × 3 filters, and a pooling layer. Then we use a fully connected layer to map the feature from dilated residual blocks to the same shape of the multiview modules.
Regression Module for the QCA Indices. A regression module we design to aggregate multiple features for direct index estimation. We denote V m , V s , K as the extracted features from the main view, the support view and the keyframe image, respectively. In order to regress the QCA indices according to the multiple features, V m , V s , K are concatenated and then we feed it into two fully connected layers with 512 and 6 units, each employing a LeakyReLU activation. The output of the regression module is f (
where the ⊕ denotes the concatenation operator, W o and b o are the weight matrix and bias respectively. To minimize the difference between the outputs f (x i ) and the ground truth, we employ the mean absolute error (MAE) as the loss function (Eq. 7), where the λ qca is the l 2 norm regularization.
3 Experiments and Results
Dataset and Configurations
A total of 105 patients of type A coronary artery lesions were retrospectively selected and they have completed coronary angiography using a clinical angiographic X-ray system (Philips Allura XPER). In particular, different severity of lesions locates main coronary artery branches, including 33 LADs, 26 LCXs and 46 RCAs. T=10 frames X-ray images (512 × 512 × 3 pixels) are collected from two viewpoints for each patient. The keyframe images are extracted from main viewpoint, and the ground truth values are manually measured under the guidance of an experienced radiologist.
Our deep learning model was implemented using T ensorF low 1.11.0 on a Ubuntu 16.04 machine, and was trained and tested on an NVIDIA Titan Xp 12GB GPU. For the implementation, we used the Adam method to perform the optimization with decayed learning rate (the initial learning rate was 0.0002) and the l 2 norm regularization λ qca was set to 10 −6 . In our experiments, a 10-fold cross-validation is employed to provide an unbiased estimation of the MAE. It is of note that all the 2100 images are resized into 256 × 256 × 3. For comparison studies, the Pearson correlation coefficient is used to evaluate the performance with two baseline methods CNNs, 3DCNNs and other direct quantification methods HOG+RF [9] (histogram of oriented gradients (HOG) feature we use), Indices-Net [10] and DMTRL [11] . (a) (b) Table 1 show that our multiview learning achieved better performance for quantitative coronary angiography in X-ray images.
Ablation Study II: Attention Mechanism. We employ a self-attention to force more attention to the lesion regions and apply a context attention to capture the important context information to enhance the representation of coronary arteries. To evaluate the performance of these two attention modules, we remove self-attention from DMQCA model and remove context attention from main-view framework, respectively. The superior experiment results in Table 1 prove the effectiveness of these two attention mechanisms.
Comparison with Some Existing Methods. In order to evaluate the performance of our DMQCA model, we make the comparison with two baseline methods and three direct quantification methods. As shown in Table 1 , our proposed DMQCA model has also achieved better quantification performance in the QCA compared with these five methods. We further evaluate the performance of our DMQCA model on different coronary arteries ( Fig. 3 (a) ). And 
Conclusion
In this study, we have proposed a direct quantification model (namely DMQCA) for coronary artery stenosis by incorporating multiview learning and attention mechanisms. By aggregating the multiview features and keyframe feature for direct quantitative index estimation. The proposed method has been evaluated on 105 subjects and has yielded better quantitative results, by comparing with two baseline methods and three existing direct quantification methods. In addition, the experimental results show compelling evidence of our DMQCA method in quantitative coronary angiography.
